The entire progression of human society is associated with the development or discovery of newer materials with newer and exciting functionalities. Fig. 1 attempts to capture this in a very simplistic schematic.
: Different stages of human civilizations: The stone, Bronze, Iron/steel and Silicon ages.
During the progression, we learned to use materials which are further from their stable forms.
Concept of the stability is schematically represented in the inset. The next materials to shape our future is not clear at the moment. Many believe that it is probably based on 2-dimensional materials (such as graphene, hexagonal boron nitride, transition metal dichalcogenides, etc. and heterostructures formed by them).
At the very dawn of human era, our ancestors learned to use stones to survive against bigger and stronger predators. It was also very useful against animals which were smaller but extremely dangerous, because of their possession of chemical weapons in their inventories, for example snakes and other lizards that could use their venom with fatal consequences. We will not really classify that time as the onset of human civilization because they really did not have to discover stones -because it was almost everywhere; they had to just find robust and sharper ones for better performance. It is nearly universally accepted that the true onset of human civilization started with the learning of the usage of fire; it gave them distinctive capabilities that truly differentiated them from any other animal on the planet. Strangely enough, this capability gap could not be breached by any other animal species even today. With the learning of usage of fire, humans could discover the first engineered materials -metals. Probably, copper was the first metal that was discovered by human, but it was not as useful as its alloyed counterpart: Bronze. Although at that time they did not understand much about alloying as we do now; nevertheless, it will be naïve to believe that they did not realize the unique properties of this newly discovered metal. The next big leap in human civilization had to wait for a millennia, until they could really master the technology of raising the temperature in a controlled environment. This will allow them the discovery of iron. Soon they will realize, like the previous instance, that it is not as useful as its alloy -steel. The far superior properties of this new material coupled with its relative abundance leading to its cheap prices will usher the industrial revolution. This is an era of unprecedented growth, unseen and unparalleled in the history of mankind, that will change the fate of both human civilization as well as that of the planet. Because of this accelerated pace of development of human civilization, the next big leap did not have to wait for longer; it came in a time span shorter than even half a millennium.
This big leap led us to the information era, which has a very intimate connection to the heart and soul of this book. The discovery of the material that led us to this era is the use of siliconbased semiconductors. But this not just about a new material alone, but also of a new technological paradigm. Let us explore this in a bit detail. Prior to this era, we used to achieve complex functionality in a machine through 'assembly' of many different simple parts.
However, in this new technology regime, functionality is achieved by 'embedding' the desired property in material itself. We will contrast the big difference between 'assembly' vs.
'embedding' through an example. A physical electrical switch (an ordinary switch that we use in our houses to switch on the lights) is a very simple device that achieves its functionality ('on' and 'off') by cooperative working of different parts (such as connectors, springs, casing etc.) assembled together. However, if we use a piece of doped silicon (thereby 'embedding' the functionality), we can achieve these functionalities ('on' and 'off') by applying a suitable bias voltage. Now if we cut the 'physical switch' into pieces, it will lose its functionalities because of broken parts. However, if we break down the silicon into pieces, each piece will still retain its functionalities (by virtue of being a semiconductor). But the question is: why would anyone be interested in breaking it into pieces? The answer lies in the concept of 'miniaturization' thereby leading to enhanced efficiencies. While there are 'practical limits' for the miniaturization of the 'physical switch', the 'practical limit' for miniaturization of semiconductor devices are many orders of magnitude smaller (we are right now pretty close to this limit: with 5nm fabrication technology commercially introduced by Samsung and TSMC in 2019, our transistors are less than 25 atoms wide). However, this concept of embedding the device functionality enabled us the sustained exponential growth of technology for nearly a century, which is captured in the public parleys in the name of "The Moore's law". This enabling technological platform provides us the perfect launch pad, where machine learning (ML) could be possible.
Before the industrial era, people hardly believed that a machine can beat the muscle power of a human let alone some of the strongest and fastest animals on the planet. That time, 'machines' were just mere 'tools' and lacked raw power. The industrial revolution, particularly the discovery of steam engines, broke that myth. However, humans were still largely content with the faith that they are, and will ever remain, far superior to machines in their intellectual capabilities. The first convincing proof that broke this myth came in 1997 when 'Deep Blue', the IBM supercomputer, defeated the then world chess champion, Garry Kasparov. However, until recently, such amount of huge raw computational power was available to only select entities like giant corporates, defence contractors or to some big national labs. Machine learning would never have been possible like today, if supercomputer-like processing power were not made available to the common people at an unthinkable low price by the rapid advancement of Graphics Processing Units (GPUs) towards the end of last century. Now even a common person has access to both the machine and tools (algorithms) that can beat humanlike performance, virtually encompassing each and every area concerning human intelligence, and this is popularly termed as 'Artificial Intelligence' (AI).
Nature Inspired Engineering: The Birth of AI and Machine

Learning
Understanding the working of the human brain has been one of the most challenging and popular scientific and philosophical questions. Complex neurological networks work in perfect tandem to involuntarily control even the minutest bodily functions. Apart from working of the human body, remarkable cognition and continuous learning by our nervous system is what makes us humans an indomitable force in nature. With the aim to seamlessly blend technology in our daily lives, huge efforts are being made world over to develop artificial intelligence for computers which will help and accelerate our daily human activities. Examples include songs, movie recommendations on your search engine, targeted advertisements, and self-driving cars to machine learning driven drug discovery packages that have revolutionised the pharmaceutical industry. Thus, at a time when AI and machine learning is pervading almost all aspects of our lives, it is imperative that the materials research community also reap some of its benefits. After all, as we argued in the previous section, it is the development of materials technology that steers human civilization.
The way scientific enquiry has been conducted in the modern age can divided into four stages known as the paradigms of science as shown in Machine learning is a subcategory of artificial intelligence ( Fig. 3 ). It is essentially a set of algorithms which can learn from historical data and trends and predict outcomes for further decision making most often without really knowing the underlying physics. These set of algorithms enable systems to improve from experience and keep "learning" without explicit reprogramming. 3. Semi-supervised Learning -This is the case when labels are available for few test data (correct answers are known for few cases), but not for the majority. In practice, this is the most prevalent case. However, this is the most challenging area. Most often, it is hard to find a general computational framework that is applicable in other systems as well. Needless to mention, the widest research gap exists here, and it deserves serious attention.
Akin to bioinformatics and genomics, materials informatics aims to consolidate different methodologies of data science and internet technologies to help in materials design and engineering [3] . High-throughput computational techniques are being used to predict material properties and aid in the discovery of photovoltaics [4] , thermoelectric materials [5] , organic polymer dielectric materials [6] , novel topological materials [7] , organic LED materials [8] etc.
These techniques combine superlative computational power with theoretical constructs like DFT, MD, machine learning assisted screening to help in the discovery of novel materials for myriad applications. Traditional machine learning models applicable to image and signal processing have immense data sets available for training. However, the available databases involving material science problems are tiny in comparison. Machine learning applied to materials can help bridge the gap between experimental and theoretical materials design, synthesis, characterization and modelling [4] . For example, machine learning for chemical synthesis can predict feasible reaction pathways and stability of the product. However, this process is made highly complex by the scarcity of training data and possibility of huge number of feasible solutions. Thus, machine learning on materials presents a unique and unprecedented challenge of working with low volume and widely varied data. This challenge has provided the impetus to improve conventional machine learning models by introducing novel methods and modifications such that they can be applicable to materials. The entire process of implementing machine learning can be broadly divided into three major steps:
Data Collection and Representation
Model Selection and Validation
Model Optimization
Data Collection and Representation
Nature had the access of only 92 elements. But with only these finite verities it could produce unthinkable varieties of materials. It is even more perplexing to imagine, how using mostly a handful of elements, namely carbon, oxygen, hydrogen and nitrogen it could build extremely huge sets of materials that we name as organic compounds. In the process of evolution of complex living species, it apparently seems that, a nearly perfect material has been synthesized for any particular job. It is the goal of materials engineer to find/develop such capability to meet the ever-growing needs of our civilization. Very obviously, in its simplest form, it essentially boils down to an optimization problem. However, except for very few and simple cases, it is a problem of enormous complexity, which in mathematical terminologies, is called an NP hard problem. In a layman's term, and sufficient for the present discussion, a problem will be called 'NP hard' if an exact solution can NOT be found in finite time using finite resources (mostly referring to computational power). It is actually in this paradigm, that machine learning thrives by providing an acceptable solution within very limited time and resources. It is needless to emphasize the requirement of access to very high quality and precise data for such machine learning models to be successful. Unfortunately, there are not many such resources for materials, despite it being one of the oldest sciences. In the following, we list some of the most important and reliable materials related experimental and theoretical data that are available in open source platforms. 
Materials Databases
Data Representation
The process of converting raw data into something more suitable for an algorithm is called featurization or feature engineering [4] . Feature space includes data represented in a way meaningful for a machine learning algorithm. Materials can be represented in widely two forms -elemental or structural. Elemental descriptors use the intrinsic properties of the elements, like atomic number, atomization energy, electronegativity, atomic charge etc. Structural descriptors incorporate atomic neighbourhood information. For example -radial distribution functions, Voronoi tessellations [4] , Fourier series, graph convolution networks, bond order parameters etc. [11] . Some of the desired features of descriptors are uniqueness, invariance to translation, rotation, symmetry operations, continuous in the feature space, global, and non-degenerate [12, 13] . In fact, sometimes a combination of both structural and elemental descriptors is essential for better representation. Thus, the choice of molecular descriptors is critical to the overall performance of a machine learning algorithm aiming to solve material-based problems. Here we describe a few commonly used material descriptors.
Adjacency Matrix
This matrix is very useful for particles with no charge. This is typically a graph representation of the interaction between atoms as shown in Fig. 4 . For example, if we are interested only in the bonds between atoms, then the (i,j) entry of the matrix will be 1 if a bond exists between atom i and j, and zero otherwise. The entries in the adjacency matrix need not be binary. One can use bond strength instead of using 1, thereby allowing all positive real numbers. Typically such matrices are symmetric, because of the symmetry in the interaction between atoms (i,j)
and (j,i). However, there is no compulsion for this: One can draw a network of atoms that are directed, therefore the adjacency matrix will cease to be symmetric. A specific adaptation of the adjacency matrix, where the chemistry of the atomic species could be incorporated, leads
to Coulomb matrix, discussed next.
Coulomb Matrices and Bag of Bonds
Coulomb matrices are one of the most popular descriptors which combines both structural and charge information. A typical Coulomb matrix for a molecule is formed by creating a square matrix, M with size same as that of the number of atoms in the molecule (Fig. 4 ). Its form is as given in Eq. (1) where Z are the nuclear charges of the atoms and R are the atomic coordinates [14] . Coulomb matrices have the advantage of being invariant to molecular rotations or symmetry operations. However, a simple Coulomb matrix notation for the same molecule might be different in case the ordering of atoms is changed. This drawback has been overcome by sorting the matrix elements according to eigen values or atoms. Another novel approach is to consider not one but multiple random Coulomb matrix notations for the same molecule as a part of its descriptor set [15] . Bag of Bonds (BOB) -It is inspired from the bag of words style of representation of data used in natural language processing and was first proposed by Hansen et al for molecules [16] . Like
bag of words, each bag denotes a particular type of bond between atoms (such as C-H or H-H)
and contains all such types of bonds in the input data set. Coulomb matrix elements can thus be segregated in this scheme and then resorted within each "bag" according to their magnitudes.
The bonds, angles, machine learning (BAML) representation is a many-body extension of BOB similar to force fields. They have been used to predict various molecular properties like atomization energies, polarizability, HOMO/LUMO gaps etc. [17] .
Other methods of atomic neighbourhood representation are Behler's and Parinello's symmetry functions [18] , Bartok's bispectrum method [19] and SOAP (Smooth Overlap of Atomic Positions) based on higher order bond-order parameters [20] . SOAP was found to be a good descriptor for the prediction of hydrogen adsorption energies of hydrogen storage materials [13] .
Molecular Fingerprinting
It is a popular way of representing a molecule as a set of binary digits indicating presence or absence of certain substructures. It has been widely used in fields from genetics to cheminformatics. Extended connectivity fingerprints (ECFPn) is one such fingerprinting technique. It depicts molecules as a set of subgraphs with a diameter of n.
Radial Distribution Functions
Classical pair radial distribution function (RDF) of a crystal calculates the distribution of pairwise atomic distances and is in itself an excellent descriptor of crystal structure [21] . Fourier series of radial distribution functions, FR is an intermolecular distance based descriptor for the chemical compound space (CCS) which satisfies most desired requirements of a descriptor and has been shown to be a good predictor of the potential energy surfaces of molecules [12] .
Molecular atomic radial angular distribution (MARAD) is another atomic radial distribution function (RDF) based representation [22] .
Voronoi Tessellations
Voronoi tessellation is a geometric operation for partitioning Euclidean space. We explore this with help of an example. Suppose we have added n nucleating sites randomly in a melt which is uniformly cooling. We assume isotropic growth (that is, all the crystal directions grow at the same rate). Once all the melts cools and from n grains, the resulting grain boundaries will represent a Voronoi diagram. Formally, any point in a Voronoi cell is closer to that centre than any other centre. While in many problems, we use regular grids (like square or cubic grid points), for an arbitrary geometry this might not be optimal. Voronoi tessellation, or its geometric duel, Delaunay triangulation are the most popular methods when uniform grids are not desirable. Voronoi decomposition has been applied to calculate accessible surface areas, void dimensions in porous crystalline materials [23] which can help in establishing Qualitative Structure Property Relationship (QSPR).
Principle Component Analysis (PCA)
PCA is a very powerful tool for dimensionality reduction and therefore used in unsupervised learning. It is based on the calculation of the eigenvalues and corresponding eigenvectors. This method has a very sound mathematical foundation, which is based upon linear algebra.
Therefore, the interpretation of the results is straightforward. The main shortcoming is the underlying assumption of linearity. Since most material science problems are non-linear, therefore it is very rarely used in advanced applications for machine learning. PCA has been used to filter out irrelevant densities in order to be used by kernel ridge regression models to predict the kinetic energy of a model of 1 dimensional non-interacting fermions [24] .
T-Distributed Stochastic Neighbour Embedding (t-SNE)
Generally, materials data have multiple features. Implied is the fact that such data, more often than not, resides in a high dimensional space. Visualization, presentation, perception and even at times for analysis, dimensionality reduction of the data is a prime requirement. T-distributed stochastic neighbour embedding (t-SNE), is one of the most powerful techniques for visualization of high-dimensional data onto a lower dimension. This is, in essence, a non-linear dimensionality reduction technique based upon the 'Student's t-distribution'. This is very often used to represent unbiasedness of data and correlation of descriptors at a lower complexity level (reduced dimension). t-SNE has been used to cluster 267 hybrid bilayer 2 dimensional materials for predicting their band gap and interlayer distances [25] .
Molecular Graph Representation
Molecular graphs can serve as input to neural networks. Standardizing all the features is important so that all the property have zero mean and unit standard deviation. Some attributes used in the MEGNet (MatErials Graph Network) framework developed for predicting molecular and crystal properties are given in Table 1 [26] . Molml is a python library to create different molecular representations for use in machine learning models. 
Community Detection
Originally proposed by social scientists primarily to investigate the social investigation, community detection, later became one of the most powerful tools for unsupervised learning when improved and adapted by the computational fraternity. However, its use did not penetrate deeply in materials science. Pioneering works by Aharonov [27] to study some toy model of glass structure produced exciting materials model system for trying out machine learning.
While many variants of this algorithm (community detection) exist, one of the most popular methods is inspired by the mathematical framework originally proposed to model the Hamiltonian (total energy) of a spin-glass system [28] . Huge improvement in this scheme was achieved when Nussinov and Ronhovde [29, 30] proposed implementation of a new parameter (they called it g, the resolution) so the algorithm could scan the entire length scale (from smallest length to the largest length that the system incorporates) in order to mine the data to find the patterns of interest. They further showed that, if this community detection algorithm is coupled with metrics for comparing the information content (like the normalized mutual information, or NMI; variance of information, or VI; entropy of information etc.) then the algorithm is capable to auto adjust the relevant length scale of interest and can identify hierarchical structures. This idea was successfully employed for analysing the structure of Al 88 Y 7 Fe 5 metallic glass [29] . Further improvement of this scheme was proposed by Raj et al. [31] for better adaptation of the community detection scheme for materials systems. The objective of the community detection scheme is to find the best partition of the data. However, one needs a metric to quantify the 'quality of partition'. Modularity, originally proposed by Newman [32, 33] , is arguably the most popular method for quantifying this 'quality of partition'. While it is very well suited for the systems that are not embedded in Euclidean space, for example analysing the words in a book; it performs sub-optimally for spatially embedded networks. The modularity function proposed by Raj et al based on the ideas of the Hamiltonians of the spin glass system. Using 2D and 3D systems of granular packing, it was established that this method produces far superior results than the competing methods. more than one QSAR models are being investigated for better predictions in drug discovery [36] . DELPHOS and MoDeSuS are state-of-the-art QSAR based models which have been used to predict BOD of chemical compounds [37] . Here we discuss some widely used ML algorithms and their modifications made suitable for materials.
Model Selection and Validation
Regressors
It includes linear models (Bayesian ridge regression (BR) and linear regression with elastic net regularization (EN)), random forest (RF), kernel ridge regression (KRR), and two types of neural networks, graph convolutions (GC) and gated graph networks (GG). There are specific combinations of regressors and representations for different features (properties). The results suggest that ML models could be more accurate than hybrid DFT if explicitly electron correlated quantum (or experimental) data were available [22] .
Kernel Regression
Kernel-based learning methods are one of the most widely used algorithms. Kernels measure the similarity between two data sets as input. The output is a linear combination of kernel functions for the data set. We have a set of data Gaussian fit is a very popular data fitting method where kernel regression uses a sum of multiple Gaussian curves to fit data in machine learning. Kernel ridge regression models are more flexible but less efficient than linear regression models. These models have been used to predict potential energy surfaces [38, 39] , electronic density of states [21] , formation energies [40] etc.
Neural Networks
Artificial neural networks (ANNs) are modelled after the brain. It is an algorithm which takes input (features) and gives the output (predictions). In between there is at least one "hidden layer". The hidden layers consist of some activation functions (like the sigmoid function) which weighs the input and generates an output for the next layer. A deep neural network is one with many such hidden layers. Neural networks are one of the best algorithms for machine learning but need a large amount of data and are also computationally intensive. But it has been shown to work with low cost and good accuracy for smaller data sets to predict redox potentials of possible battery electrode materials by using electronic and structural descriptors as input with an error of less than 4% [34] . Neural Designer is a machine learning platform where we can design and optimize custom neural networks.
One of the advantages of neural networks is that complex forms of data representation is no longer a separate requirement. The model "learns" the best featurization from primitive information about molecules, like interatomic distance and charge, on-the-go. It is able to capture underlying irregularities. Even though neural networks work best with large amounts of data, newer modifications have made it possible for neural networks to work with small amounts of data as well. For example, ElemNet is a deep neural network which can work better than conventional machine learning models on a dataset of just 4000 compounds [41] . Deep tensor neural network (DTNN) approach can learn the potential energies of organic molecules in a molecular dynamics trajectory with an accuracy of 1 kcal mol −1 from a data set of 300,000
to 900,000 timesteps [42] . Grossman's model of a generalized crystal graph convolutional neural network (CGCNN) has accurately predicted 8 different properties of perovskite crystals after training with 10,000 data points only. Remarkably, the accuracy is as high or even more than conventional DFT predictions as compared to experimental results [43] . Another novel approach is coupling genetic algorithms with powerful neural networks by employing ANNs to either evaluate the genetic algorithm's fitness function or introduce a bias towards certain data [44] . This strategy successfully circumvents the problem of limited data availability in materials science for efficient neural network training.
Transfer Learning
Until now, we have discussed some widely used ML algorithms. However, as mentioned earlier, insufficient data is a critical bottleneck in applying these algorithms to material science.
Transfer learning is a novel technique which deals with this major challenge by transferring information between learning tasks. Four architectures for transfer have been tested by Hutchinson et al. to predict band gaps and colour of crystalline compounds at 300K [45] . One of these schemes called the difference architecture, where the difference between responses of different models is learned by another model. By learning the difference between experimental and computational band gaps, this scheme was able to predict the band gaps with high fidelity using just one fourth of the experimental data as used by a conventional baseline model [45] .
Natural Language Processing for Materials Literature
Natural language processing (NLP) is a machine learning technique which processes human language. It is also used to potentially create human language from learning language data as inputs. Popular examples are how search engines like Google returns results relevant to the keywords inserted, Google's language translation application, mail spam detectors, autocorrect in our smartphone keyboards, speech recognition etc. Thus, NLP can be expected to process textual data of any kind including materials-based literature. In an interesting study conducted by Kim et. al., NLP techniques were used to scan through more than 12,000 manuscripts to learn the critical parameters required for hydrothermal synthesis of titania nanotubes [46] .
Machine Learning Toolkits
With the possibility of using a variety of machine learning algorithms on materials data, it is important that such code be made available in a tool framework for wider usage. One such open source machine language framework is the Amp (Atomistic Machine-learning Package) [47] . Amp implements fast machine learning to predict potential energy surfaces by interpolating from a training data set of potentials. It is currently integrable with the most popular DFT codes for generating the training potentials, VASP, GPAW, Dacapo, Quantum ESPRESSO under the Atomistic Simulation Environment. Table 2 lists some other generalpurpose packages and libraries in R and Python languages that can be used for materials modelling using machine learning and a few other tools and libraries exclusive to materials. Regressors can roughly be ordered by performance, independent of property and representation. In general, neural networks like graph convolution and gated graph neural networks in conjunction with appropriate methods of data representation have higher performance in predicting certain ground-state properties of organic molecules [22, 34] .
Model Optimization and Quality Assessment
Validation or test data sets are used to estimate the performance of the machine learning model created. Errors in prediction of the output from a known set of inputs in supervised learning are known as prediction errors, which may be of 2 types - for its applicability in various disciplines [53, 54] . Though 2D materials have a wide range of applications, the bottleneck of everything is their synthesis with air-stability and less/no defects. Moreover, in spite of the recent advances in the synthesis and characterization of 2D materials, serious issues related to materials quality are a roadblock to advancing their science and applications. The presence of defects significantly alters various properties of 2D materials [55] . In addition, during growth, oxygen atoms get adsorbed (oxidation) on the surface of the 2D materials [56] . The oxidation induces deterioration of 2D materials [57] . The experimental approaches to investigate these issues are always associated with the high cost and human resources. Hence, it is necessary to have the computational prediction to facilitate the efficient experimental design for real-life applications. Machine learning (ML)-based prediction can be a viable and optimal approach to accurately predict the possible synthesizability of 2D materials with controlled defects. Similarly, ML can predict which 2D materials among a wide range of options can be the best choice for a particular application. For example, 2D materials have enormous applications in energy storage [58] . However, it's costly and inefficient to predict experimentally the best 2D materials and their surface topology for a particular type of battery applications (e.g., lithium-ion battery). ML can predict efficiently the most effective 2D materials for a particular type of battery. In the next two sections, we will briefly discuss the application of ML for prediction of properties of 2D materials and their application in sustainable energy storage.
Fig. 7. Machine learning problem to predict the most air-stable Transition Metal
Dichalcogenide (TMD). The approach is similar for other 2D materials.
Machine learning to predict the properties and synthesizability of 2D materials
The input layers of Fig. 7 show the various parameters that typically control the growth mechanism of 2D materials [57] . Considering multiple permutation and combinations of the available 2D materials, and taking into consideration many parameters affecting the growth process, it's a daunting task for experimentalists to explore all possibilities for finding stable 2D materials. However, Fig. 7 shows that the problem can be formulated as an ML problem.
Recently, the Positive and Unlabeled (PU) ML algorithm has been implemented for prediction of synthesis of 2D metal carbides and nitrides (MXenes) and their precursors [59] . Using the elemental information and data from high-throughput density functional theory (DFT) calculations, PU learning methods was applied to the MXene family of 2D transition metal carbides, carbonitrides, and nitrides, and their layered precursor MAX phases, and 18 MXene compounds were identified to be highly promising for synthesis. Considering the ML formation in Fig. 7 , detailed studies are necessary for the prediction of the synthesizability of other 2D materials such as TMDs.
Besides synthesizability, ML has been implemented to predict the band gap of functionalized
MXene [60] , where ML models can bypass the band gap underestimation problem of local and semilocal functionals used in DFT calculations, without subsequent correction using the time-consuming GW approach. ML approaches have been integrated for accelerated discovery of TMDs as elemental mercury (Hg o ) sensing materials [61] . However, the application of ML for predicting the properties of 2D materials is still at a nascent stage. For example, oxidation is a major problem is producing air-stable TMDs (Fig. 8a) [57] . Some investigations suggest that TMDs, grown on various other 2D substrates (e.g., graphene, hBN) placed or suspended on SiO 2 , can reduce the oxidation [57] . The presence of defects (Fig. 8b ) significantly influences the oxidation behavior. However, there are various types of defects and 2D materials [55] . The ML approaches are necessary to systematically find the best 2D materials as a substrate for the air stability of a particular TMDs. Moreover, ML algorithms can predict the possibility of the presence of a defect type in TMDs, and how does this defect influence the oxidation and other properties of TMDs efficiently. 
Opportunities of ML for 2D Materials in Energy Storage
ML has been extensively applied for battery research over the last few years. Using the Materials Project database, the holistic computational structural screening of more than 12,000 candidates was performed for solid lithium-ion conductor materials [62] . Artificial neural network (ANN) has been applied to design the lithium-ion batteries (LIBs) [63, 64] . ML is also integrated with DFT (DFT-based ML) for developing molecular electrode materials in LIBs [34] . All these studies on ML for energies are not on 2D materials based systems. However, despite the recent advances, batteries have many problems where 2D materials can provide a viable solution. In Chapter 5.3, a detailed discussion is provided on the application of 2D materials for energy storage. Here, we discuss how ML can be useful for 2D materials-based batteries.
2D materials have enormous applications in all segments of battery architecture. Fig. 9a shows the schematic of an anode. Interface failure is one of the crucial problems in batteries (Fig. 9b ) [65] . 2D materials can be used as a coating on the current collector [65] . This arrangement will produce a van der Waals (vdW) slippery surface to reduce the stress at the interface and battery failure. Similarly, 2D materials can replace the traditional polymer binder to avoid the problem of binder fracture (Fig. 9b1 ) [66] . There is experimental evidence that graphene can be used as a vdW slippery interface for the current collector, and MXene can be used instead of the polymer binder [66] . However, there are over 700 2D materials, and considering different defect types, the number of options is enormous. Particular 2D materials may be suitable for some specific active materials. For example, graphene may be a suitable vdW slippery surface for silicon anode but not for the tin anode. Doing DFT studies on various bulk-2D materials interface (e.g., graphene -silicon) to find the best candidate involves a high computational cost and human resources. ML is necessary for fast and accurate prediction of 2D materials for specific active materials. Besides interface failure, the most common failure mechanism in batteries are the fracture of active materials (Fig. 9c ) [67] . Because of the volume expansion-contraction of active materials upon intercalation-deintercalation, active particle breaks. 2D materials-based anode materials ( Fig. 10a) can accommodate more ions without substantial volume change [67] . Hence, 2D materials-based anode can yield very high capacity, power density, and energy density.
Moreover, recent reports show that nanofluid confined 2D materials (Fig. 10b ) anode can facilitate in faster diffusion leading to enhanced cycle life [68] . However, with over 700 2D materials, the number of possible heterostructures is over a million. Moreover, if nanoconfined fluid (Fig. 10b) is considered, the possibilities are even higher. In addition, if different defects are considered, the number of possibilities is almost infinite. It's not possible for manual DFT calculations to find the best possible combination of 2D materials and its heterostructures for a particular battery applications. ML approaches can make use of the existing experimental and computational data for the viable prediction of 2D materials-based anode materials for highcapacity, power density, and energy density batteries. Nanofluid confined 2D materials for energy storage.
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